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Description
BACKGROUND

[0001] Understanding the reservoir fluids, hydrocar-
bon-generating potential, and formation characteristics
of a reservoir rock formation is important to estimate the
reserve and to improve the efficiency of oil field opera-
tions such as drilling, well completion, and production.
Tothis end, various types of formation and reservoir anal-
ysis are performed using downhole tools. Further, vari-
ous types of rock sample analysis are performed using
laboratory tools at earth’s surface. One example of for-
mation or rock sample analysis involves nuclear magnet-
ic resonance (NMR) phenomena.

[0002] An example NMR tool includes a magnet as-
sembly that produces a static magnetic field (Bo), and a
coil assembly that generates radio frequency (RF) elec-
tromagnetic signals (including a perturbing magnetic field
(Bi)) and that detects magnetic resonance phenomena.
The behavior of nuclei in presence of By and B4 has been
correlated with formation rock and fluid properties such
as the amount of hydrogen in pore space fluids and/or
the porosity.

[0003] Total organic carbon (TOC) is animportant res-
ervoir quality indicator, particularly for unconventional
source rock reservoirs. It is well-known that TOC can be
obtained from laboratory mineralogy and fluid analysis
using techniques such as the combination of X-ray dif-
fraction (XRD) and X-ray fluorescence (XRF). However,
laboratory tests are expensive and time consuming. Per-
forming such tests for a large number of samples corre-
sponding to a particular reservoir or even a single well is
impractical. Nuclear logging based mineralogy analysis
can also be used to estimate TOC, provided that all ele-
ments in the formation can be resolved, which is not al-
ways possible. Combining density and NMR logging
measurements can also be used to estimate TOC, with
an assumption that NMR logs do not include any signals
from organic matters, liquid or solid, in the source rocks,
an assumption not always valid.

[0004] U.S. Patent Application Publication
2012/0273193 A1 discloses a NMR method of analyzing
rock samples from a subterranean hydrocarbon reservoir
in view of determining characteristics like total organic
carbon content.

SUMMARY OF THE INVENTION

[0005] The invention concerns a method and a system
for predicting TOC values on the basis of NMR data. The
method is defined in claim 1 and the apparatus is set out
in claim 11. The remaining claims define preferred em-
bodiments.

BRIEF DESCRIPTION OF THE DRAWINGS

[0006] Accordingly, there are disclosed herein meth-
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ods and systems to predict total organic carbon (TOC)
values using a radial basis function (RBF) model and
nuclear magnetic resonance (NMR) data. In the figures:

FIG. 1is a schematic diagram showing anillustrative
logging-while-drilling (LWD) survey environment.
FIG. 2is a schematic diagram showing an illustrative
wireline logging survey environment.

FIG. 3is ablock diagram showing aniillustrative NMR
system.

FIG.4 is ablock diagram showing anillustrative TOC
prediction process.

FIG. 5 is a diagram showing an illustrative mapping
function.

FIG.6is agraph showinganillustrative function used
for RBF modeling.

FIG. 7 is a diagram showing an illustrative principal
component analysis (PCA) process.

FIG. 8is a graph that shows illustrative data variance
as a function of individual principal components.
FIG.9is ablock diagram showing anillustrative proc-
ess for training and using an RBF model to predict
TOC values.

FIG. 10 is a plot showing an illustrative log of pre-
dicted TOC values and other data.

FIG. 11 is a graph showing predicted TOC values
compared to measured TOC values.

FIG. 12 is a flowchart showing an illustrative TOC
prediction method.

FIG. 13is adiagram showing an illustrative computer
system.

[0007] Itshould be understood, however, that the spe-
cific embodiments given in the drawings and detailed de-
scription below do not limit the disclosure. On the con-
trary, they provide the foundation for one of ordinary skill
to discern the alternative forms, equivalents, and other
modifications that are encompassed in the scope of the
appended claims.

DETAILED DESCRIPTION

[0008] Disclosed herein are methods and systems to
predict total organic carbon (TOC) values using nuclear
magnetic resonance (NMR) data applied to a radial basis
function (RBF) model. As an example, predicted TOC
values may be in the form of a log that plots TOC values
as a function of measured depth. The RBF model used
to predict TOC values may be trained using a variety of
inputs such as principal components representing one
or more NMR relaxation-time distributions, measured
TOC data points of rock samples, gamma ray logging
data, and clay bound water (CBW) values (e.g., derived
from NMR relaxation-time distributions). Once trained,
the RBF model predicts TOC values using, at least in
part, NMR relaxation-time distributions derived from
NMR measurements collected by a downhole logging
tool or a laboratory tool. The predicted TOC values may



3 EP 3 224 604 B1 4

be stored for later use and analysis, printed in a report,
and/or displayed via a monitor.

[0009] In at least some embodiments, an example
method includes obtaining NMR data and training an
RBF model based on the NMR data and measured TOC
values. The method also includes obtaining subsequent
NMR data and employing the trained RBF model to pre-
dict TOC values based at least in part on the subsequent
NMR data. The method also includes storing or display-
ing the predicted TOC values. Meanwhile, an example
system includes at least one processor and a memory in
communication with the at least one processor. The
memory stores instructions that, when executed cause
the at least one processor to obtain NMR data and to
train an RBF model based on the NMR data and meas-
ured TOC values. The instructions, when executed, fur-
ther cause the processor to obtain subsequent NMR data
and to employ the trained RBF model predict TOC values
based at least in part on the subsequent NMR data. The
instructions, when executed, further cause the processor
to store or display the predicted TOC values. In some
cases, a previously trained RBF model may be obtained.
In such case, the above method or system need not per-
form RBF model training. However, it should be appre-
ciated that, as needed, a trained RBF model may be up-
dated.

[0010] The disclosed methods and systems are com-
patible with various options. For example, the NMR data
inputto the RBF modelto predict TOC values may include
the time-domain NMR measurements such as Carr Pur-
cell Meiboom Gill (CPMG) echo decay, NMR relaxation-
time distributions derived from NMR measurements,
principal components representing NMR relaxation-time
distributions derived from NMR measurements, an arith-
metic or geometric means of an NMR relaxation-time dis-
tribution derived from NMR measurements, and/or a ratio
of different NMR relaxation-time distributions (e.g., a
T4/T, distribution) derived from NMR measurements. In
addition to NMR data, natural gamma ray counts data or
other available data may be input to the RBF model to
predict TOC values. The RBF model used to predict TOC
values may be trained using any of the above NMR data
examples as well as measured TOC data points derived
from measured TOC data points for a rock sample (e.g.,
obtained from laboratory test results). Further, the RBF
model may be trained using gamma ray logging data,
clay bound water (CBW) values, porosity values, or other
data. In some embodiments, the data used for training
is derived solely from available NMR data. Some of the
training data may be derived independent of available
NMR data. Predicting TOC values may include selection
or use of various data set options, RBF modeling options,
and principal component analysis (PCA) options as de-
scribed herein.

[0011] The disclosed methods and systems are best
understood in an application context. Turning now to the
figures, FIG. 1 shows anillustrative logging-while-drilling
(LWD) environment. In FIG. 1, a drilling platform 2 is
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equipped with aderrick 4 that supports a hoist 6 for raising
and lowering a drill string 8. The hoist 6 suspends a top
drive 10 suitable for rotating the drill string 8 and lowering
the drill string 8 through the well head 12. Connected to
the lower end of the drill string 8 is a drill bit 14. As bit 14
rotates, it creates a borehole 16 that passes through var-
ious formations 18. A pump 20 circulates drilling fluid
through a supply pipe 22 to top drive 10, down through
the interior of drill string 8, through orifices in drill bit 14,
back to the surface via the annulus 9 around drill string
8, and into a retention pit 24. The drilling fluid transports
cuttings from the borehole 16 into the pit 24 and aids in
maintaining the integrity of the borehole 16. Various ma-
terials can be used for drilling fluid, including oil-based
fluids and water-based fluids.

[0012] InFIG. 1, logging tools 26 are integrated into a
bottom-hole assembly 25 near the bit 14. As the bit 14
extends the borehole 16 through the formations 18, log-
ging tools 26 collect measurements relating to various
formation properties as well as the tool orientation and
various other drilling conditions. Each of the logging tools
26 may take the form of a drill collar, i.e., a thick-walled
tubular that provides weight and rigidity to aid the drilling
process. For the present discussion, the logging tools 26
are expected to include an NMR logging tool that collects
raw NMR measurements. The bottom-hole assembly 25
also may include a telemetry sub 28 to transfer raw NMR
measurements or processed NMR data to a surface com-
munication interface 30 and to receive commands from
the surface. Example telemetry options include mud
pulse telemetry, acoustic telemetry, electromagnetic te-
lemetry, wired drill pipe telemetry, or a combination of
telemetry options. The surface communication interface
30 forwards the raw NMR measurements or processed
NMR datato and/or receives commands from a computer
system 42 via a wired or wireless interface 40.

[0013] The computer system 42 may perform various
operations such as providing commands for logging tools
26, storing raw NMR measurements or processed NMR
data, further processing NMR measurements or NMR
data, training an RBF model, employing a trained RBF
model to predict TOC values as described herein, and
displaying related information to an operator. As an ex-
ample, in at least some embodiments, the computer sys-
tem 42 includes a processing unit 44 that performs var-
ious operations by executing software or instructions ob-
tained from a local or remote non-transitory computer-
readable medium 50. The computer system 42 also may
include input device(s) 48 (e.g., a keyboard, mouse,
touchpad, etc.) and output device(s) 46 (e.g., a monitor,
printer, etc.). Such input device(s) 48 and/or output de-
vice(s) 46 provide a user interface that enables an oper-
ator to interact with the logging tools 26 and/or software
executed by the processing unit 44. For example, the
computer system 42 may enable an operator to select
NMR logging options, to view raw NMR measurements,
to view processed NMR data, to adjust RBF model train-
ing options, to adjust training data sets, to adjust inputs
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to a trained RBF model, to adjust PCA options, and/or to
perform other tasks.

[0014] In different embodiments, an NMR logging tool
corresponding to logging tool 26 may include processing,
storage, and/or other components to select pulse se-
quences, to store echo information (e.g., amplitude as a
function of time), to calculate parameters derived from
the stored echo information (e.g., a T, distribution, a T,
distribution, a diffusion measurement, and/or a porosity),
to update NMR logging operations based on the calcu-
lated parameters and/or to update NMR logging opera-
tions in response to commands from the surface. Such
commands from the surface may be generated in re-
sponse to programmed logging operations performed by
computer system 42, parameters derived from collected
echoes by computer system 42 or operator, and/or an
operator otherwise selecting or entering logging control
options via a user interface.

[0015] At various times during the drilling process, the
drill string 8 may be removed from the borehole 16 as
shown in FIG. 2. Once the drill string has been removed,
logging operations can be conducted using a logging
string (sonde) 34 suspended by a cable (wireline) 52 hav-
ing conductors for transporting power to the logging string
34 and telemetry from the logging string 34 to the surface.
In some embodiments, the logging string 34 may have
pads and/or centralizing members to maintain logging
tools 32 near the axis of the borehole as the logging string
34 is pulled uphole. The logging tools 32 may correspond
to a variety of logging tools including an NMR logging
tool with the same or similar features as the NMR logging
tool described for logging tool 26. A logging facility 54
includes a surface communication interface 30 and a
computer system 42 for receiving, storing, and process-
ing raw NMR measurements or processed NMR data
obtained by the logging tools 32. The computer system
42 of FIG. 2 may also send commands and/or logging
control parameters to the logging tools 32, perform RBF
model training, predict TOC values, and/or perform other
operations as described herein.

[0016] Although the disclosed method and systems
are directed to obtaining NMR data and employing an
RBF model to predict TOC values based on the obtained
NMR data, it should be appreciated that other logging
data may be collected and applied to an RBF model to
predict TOC values. Forexample, in some embodiments,
gamma ray data in addition to NMR data is collected and
applied to an RBF model to predict TOC values. In such
case, the logging tools 26 of FIG. 1 and the logging tools
32 of FIG. 2 may include a gamma ray logging tool as
well as an NMR logging tool. Additionally or alternatively,
other logging tools and corresponding measure-
ments/logs may be used along with NMR data to predict
TOC values.

[0017] FIG. 3 shows a block diagram of an illustrative
NMR system 100. As shown, the NMR system 100 in-
cludes a computer 102 that provides NMR control pa-
rameters 112 to an NMR unit 104. In different embodi-
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ments, the components of NMR system 100 may be lo-
cated at earth’s surface (e.g., as part of an NMR facility
or laboratory) or downhole (e.g., as part of logging tools
26 or 32). Alternatively, some of the components (e.g.,
computer 102) may be located at earth’s surface while
other components (e.g., NMRunit 104) are located down-
hole. Regardless of component location, the computer
102 directs the operations of the NMR unit 104 (e.g., a
downhole tool or laboratory equipment), which includes
a transmitter (TX) 108, a receiver (RX) 110, and NMR
spectrometer components 106.

[0018] More specifically, the computer 302 is config-
ured to provide commands, programming, and/or data
to transmitter 108 of the magnetic resonance unit 104.
The transmitter 108 may include a programmable pulse
sequence device or storage, a radio frequency (RF) syn-
thesizer, a phase shifter, a pulse gate, an amplifier,
and/or other components. Further, in different embodi-
ments, the magnetic resonance control parameters 112
enable adjustment of pulse sequences and receiver win-
dow options based on a default configuration, user se-
lection, and/or calibration.

[0019] The magnetic resonance unit 104 also includes
magnetic resonance spectrometer components 106
used for magnetic resonance operations. Examples of
magnetic resonance spectrometer components 106 in-
clude one or more magnets, shim coils, probes/antennas,
and/or field-frequency lock components. Further, the
magnetic resonance spectrometer components 106 may
include a duplexer that enables separation between
transmission current and reception current. The receiver
110 of magnetic resonance unit 104 is configured to re-
ceive and decode magnetic resonance signals. The re-
ceiver 110 may include, for example, an analog-to-digital
converter (ADC), filters, mixers, splitters, pre-amplifiers,
and/or other components to receive magnetic resonance
signals and recover measurement data. The raw NMR
measurements or processed NMR data is output from
the receiver 110 to computer 102 for storage, display,
and/or analysis. In some embodiments, the computer
102 may further process raw NMR measurements or
processed NMR data received from the NMR unit 104.
Further, the computer 102 may predict TOC values as
described herein, or may forward raw NMR measure-
ments and/or processed NMR data to another computer
that predicts TOC values as described herein.

[0020] FIG. 4 is a block diagram of an illustrative TOC
prediction process 200. As shown, the process 200 in-
cludes collecting NMR measurements at stage 202. As
previously discussed, the NMR measurements may be
collected by a LWD tool, a wireline tool, and/or an NMR
laboratory tool. In at least some embodiments, the NMR
measurements are collected at stage 202 by energizing
and manipulating nuclear spins in a formation with a
pulsed radio frequency (RF) magnetic field. Various
pulse sequences (i.e., series of RF pulses, delays, and
other operations) can be used to collect the NMR meas-
urements. Example pulse sequences include the CPMG
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sequence (in which the spins are first flipped to the plane
perpendicular to the static magnetic field direction using
atipping pulse followed by a series of refocusing pulses),
the Optimized Refocusing Pulse Sequence (ORPS) in
which the refocusing pulses are less than 180°, a satu-
ration recovery pulse sequence, and other pulse se-
quences.

[0021] Atstage 204,the NMR measurements collected
at stage 202 are conveyed as raw NMR measurements
212 and/or are processed. Examples of processed NMR
data 214 include relaxation-time distributions 216 (e.g.,
T, or T, distributions), arithmetic or geometric means
218 (e.g., arithmetic or geometric means of T, or T, dis-
tributions), ratio of relaxation-time distributions 220 (e.g.,
T4/T5), and PCA coefficients 222 (e.g., PCA coefficients
for T4 or T, distributions). The processed NMR data 214
represented in stage 204 may be derived by the same
computer that predicts TOC values using a RBF model
or by at least one other processing component (e.g., in
a downhole logging tool, a laboratory computer, or an-
other computer) that handles the NMR measurements
collected at stage 202.

[0022] As an example of processing NMR measure-
ments, NMR measurements collected at stage 202 may
correspond to a spin-echo train that includes a series of
multi-exponential decays. In such case, relaxation-time
distributions represent a discrete population density of
the decay rates extracted from the spin-echo train. More
specifically, such NMR measurements can be described
as multiple components resulting from multiple different
relaxation times in the measured region. For example,
the signal amplitude of the first echo may be expressed
approximately by:

N

B =TE) = ) $(TE),

i=1

where

¢ (t) = ciexp (‘%)

Here, each of the N components has a respective am-
plitude of ¢; and a characteristic relaxation time T;,.
[0023] In some source rocks, some of the components
(i < k) (those having the shortest relaxation times T5))
decay too quickly to produce a measureable signal at t=
TE. In such case, the measurable signal amplitude is the
apparent porosity:

N
bapp (TE) = ) 6
i=k
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which is smaller than the total signal (total porosity):
N

b= o

=

L

The T, distribution derived from the NMR measurement
can then be described as: ¢: {¢; vs. T,;, where i = k: N
and ¢; = 0 for i < k}. Clearly, it is desirable to set the
interecho time TE as short as possible in data acquisition,
in order to be able to measure the short relaxation time
components. However, the minimum TE is generally con-
strained by the hardware, available power, and operating
frequency. Thus, the apparent porosity is still in deficit
compared to the total porosity. This porosity deficit is, in
general, not detrimental to the use of the method dis-
closed herein, as long as the RBF model is generated
with NMR data having similar characteristics. Thus, in
accordance with at least some embodiments, the NMR
training data is acquired with substantially the same TE
as that used in logging data acquisition. On the other
hand, the difference between the NMR apparent porosity
and the true total porosity can be used to aid the TOC
computation, as the missing porosity may represent solid
organic matters that are part of TOC. For example, an
independent porosity measurement, such as a porosity
derived from density logging measurement, can be used
an additional input to train the RBF model and to obtain
TOC predictions from the RBF model. This use of density
and NMR information is different from the method de-
scribed in U.S. Pat. App. Pub. No. 20090254283 A1 by
Jacobi, et al., as the latter assumed that all TOC compo-
nents are not measured by NMR, while the disclosed
embodiments have no such limitation.

[0024] At stage 206, NMR data representing the raw
NMR measurements 212 and/or at least some of the
processed NMR data 214 is forwarded to an RBF model
230 at stage 208. In atleast some embodiments, the RBF
model 230 outputs predicted TOC values represented at
stage 210. The predicted TOC values of stage 210 may
be stored or displayed. In accordance with at least some
embodiments, the predicted TOC values represented at
stage 210 can be obtained by training the RBF model
230 using a limited amount of measured TOC data points
and available NMR data. The measured TOC data points
may be obtained from laboratory test results. As desired,
the measured TOC data points may be resolution-
matched relative to the available NMR data used for train-
ing the RBF model.

[0025] Inaccordance with atleast some embodiments,
the RBF model 230 is created using the NMR data of
stage 206 by solving one or more inverse problems. In-
verse problems encountered in well logging and geo-
physical applications may involve predicting the physical
properties of some underlying system given an input data
set. Referring to FIG. 5, consider a database having a
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set of distinct input data ;,- e R" (i.e., the inputs are n-
dimensional vectors) and a set of corresponding outputs,
;,- e Rm fori=1,...,N, where N is the number of cases

in the database. The different cases in the database rep-
resent different states of the underlying physical system.
In this notation, ;,- values represent samples of the func-

tion that one wants to approximate (e.g., by a model),
and ;,- values are the distinct points at which the function

is given. The database is used to construct a mapping
function such that, 7:(;,-) =;,-, fori=1,...,N. As used herein,

the mapping function can be solved through the inverse
problem of predicting TOC values for a formation based
on available NMR data.

[0026] In atleast some embodiments, the RBF model
230 corresponds to a TOC prediction model constructed
from RBFs. Further, PCA may be applied to preprocess
at least some of the data used to train the RBF model
230. FIG. 6 shows an illustrative RBF from which RBF
model 230 may be constructed. In graph 250 of FIG. 6,
the RBF corresponds to a Gaussian function having a
given center, amplitude, and width. To concept of con-
structing an RBF model such as RBF model 230 involves
combining multiple basis functions having different char-
acteristic parameters (e.g., center, amplitude, width, and
sign) according to a set of predetermined rules. It should
be appreciated that basis functions other than Gaussian
functions may be used to construct an RBF model. Fur-
ther, it should be appreciated that the rules for combining
multiple basis functions to construct an RBF model may
be adjusted. Such rules may include the number of basis
functions to be used, characteristic parameter maxi-
mums, characteristic parameter minimums, characteris-
tic parameter ranges, data normalization options, data fit
options, etc. Various details for constructing an RBF
model from basis functions are discussed later.

[0027] Typically,the NMR measurements represented
in stage 202 are affected by noise, and the noise is in-
troduced into the processed NMR data 214 derived from
the NMR measurements. In some instances, important
structures of the processed NMR data 214 are less af-
fected by the noise, and these important structures can
be used for training the RBF model 230. In addition, data
within different types of processed NMR data 214 are
often highly correlated, and thus contain redundancies
that can unnecessarily increase the complexity of the
RBF model 230. To account for these phenomena, PCA
operations may be performed to reduce processed NMR
data 214 (e.g., relaxation-time distributions) to a subset
of key components. In at some embodiments, PCA op-
erations provide a rank ordering of variances in at least
some of the processed NMR data 214. The rank ordering
can be structured such that principal components with
larger associated variances represent important struc-
ture (signal), while those with lower variances represent
noise or insignificant information.

[0028] Such PCA operations can be described as
transforming a set of data vectors from an initial coordi-

10

15

20

25

30

35

40

45

50

55

nate system to a new coordinate system. The new coor-
dinate system can be defined such that when the data
vectors are expressed in the new coordinate system all
(or substantially all) significant variations among the data
vectors are described by a reduced number of vector
components. Thus, although the data vectors may have
the same number of components in both coordinate sys-
tems, most of the vector components in the new coordi-
nate system can be ignored or neglected; the retained
vector components form a set of principal components
that are used to analyze the data.

[0029] In some cases, the ki" principal component is
the kth component of a transformed data vector in the
new coordinate system. The proportion of the total vari-
ance accounted for by the ki principal component can
be:

Ay

?:1 A;
where 4, i=1, ..., nare the eigenvalues of the covariance
matrix of the training data set. Each of the eigenvalues
quantifies the variance of the corresponding principal
component.
[0030] Referring to FIG. 7, an example PCA process
300 can be used to generate sets of principal components
from relaxation-time distributions, where each set of prin-
cipal components represents a respective one of the re-
laxation-time distributions. The process 300 can include
additional or different operations, and the operation can
be performed in the order shown or in another order.
[0031] At block 302, a dataset matrix Xis formed from
the relaxation-time distributions. Each of the nrelaxation-
time distributions has p elements, so the dataset matrix
X can be an n X p matrix (n rows, p columns), in which
each of the relaxation-time distributions forms a respec-
tive row. The training dataset of relaxation-time distribu-
tions can be represented in another manner, using any
suitable data format, data structure, or data type.
[0032] The relaxation-time distributions can include
distributions of transverse relaxation times or longitudinal
relaxation times obtained from NMR data. In some cases,
the area integration of each distribution is normalized to
a common normalizing value. For example, the normal-
izing value can be 1 or another constant value. To nor-
malize a distribution, the values in the distribution can be
multiplied or scaled uniformly so that the area of the
scaled distribution is equal to the normalizing value.
[0033] Atblock 304, the eigenvectors of the covariance
matrix C of dataset matrix X are determined. The covar-
iance matrix C may be computed as C = XTX, where XT
is the transpose of the dataset matrix X, or the covariance
matrix can be computed in another manner. In some in-
stances, one or more of the eigenvectors can be obtained
without explicitly computing the covariance matrix.
[0034] At block 306, a transformation matrix W, is
formed, where W, is a p X [ matrix whose columns are
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eigenvectors of the covariance matrix C. The transfor-
mation matrix W, can be formed from the / eigenvectors
that correspond to the / largest eigenvalues of the cov-
ariance matrix C. The eigenvectors and eigenvalues of
the covariance matrix C can be determined, for example,
by conventional techniques for computing matrix eigen-
vectors and eigenvalues.

[0035] At block 308, the dataset matrix X is converted
to a new coordinate system, resulting in a transformed
matrix T = XW,. At block 310, sets of principal compo-
nents are extracted from the transformed matrix T. In at
least some embodiments, the transformed matrix T is an
n X | matrix, and the it" row contains a set of principal
components corresponding to the it relaxation-time dis-
tribution in the dataset matrix X. For example, the matrix
element T(j, k) (the element at the k" column and it" row)
can represent the k" principal components of the it re-
laxation-time distribution.

[0036] In some embodiments, the data vectors (in the
initial coordinate system) can be the T, distributions of a
database corresponding to NMR measurements or re-
lated NMR data, and each data vector can have 27 or 54
components. In some cases, the relaxation-time bins are
evenly spaced along the logarithmically-scaled axis; or
the bins may be spaced in another manner. After the data
vectors are transformed to the new coordinate system,
the first few principal components (i.e., the first few com-
ponents of the transformed data vectors) are retained for
use in training (or using) the RBF model 230. The other
components can be disregarded because they primarily
represent noise, insignificant variations, or redundancy.
[0037] Referring to FIG. 8, plot 400 shows that for an
example database of T, distributions, the first three prin-
cipal components (labeled 1, 2, 3) account for over 90%
of the variances. The curve 402 in the plot 400 shows
the cumulative variance after each additional principal
component is added. With the understanding that lower
variances are more likely to represent noise or redun-
dancy, the components having lower variances can be
discarded. In some embodiments, the number of retained
components is determined by comparing the ratio:

n
i=p+1/1i
n A

i=1

with noise-to-signal ratio:

2

Onoise

2
O-signal

in the NMR measurement data, where p is the number
of retained components. For example, in some embodi-
ments, processed NMR data corresponds to stacked da-
ta such that the noise level is below a threshold (e.g., 1
p.u.). Assuming the average porosity is around 30 p.u.,
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the noise-to-signal ratio is about 3 percent. In this exam-
ple, three principal components of the T, distribution may
be retained. However, it should be appreciated that a
greater number of principal components can be retained
for use in training or using the RBF model. For example,
in some embodiments, four, five, six, or more principal
components are retained.

[0038] Anexample process 500 for predicting TOC val-
ues from NMR measurements is shown in FIG. 9. The
process 500 shown in FIG. 9 includes a model training
phase 510 and TOC prediction phase 540. The model
training phase 510 can be used to develop a mapping
function based on a database of NMR measurements or
processed NMR data, and measured TOC values (e.g.,
TOC values or curves obtained from laboratory tests).
Meanwhile, the TOC prediction phase 540 can be used
to predict TOC values based on NMR measurements or
processed NMR data and the developed mapping func-
tion. The process 500 can include additional or different
steps, and the steps can be configured as shown or in
another manner.

[0039] In atleast some embodiments, the model train-
ing phase 510 includes obtaining processed NMR data
at block 512. The processed NMR data obtained at block
512 may correspond to relaxation-time distributions or
other processed NMR data derived from NMR measure-
ments collected by a downhole NMR logging tool or a
laboratory NMR tool. The processed NMR data obtained
atblock 512 becomes part of a training database. At block
514, the training database of relaxation-time distributions
or other processed NMR data can be reduced to a subset
of key components (i.e., the "principal" components of
the database) through PCA operations. Further, meas-
ured TOC values are obtained at block 516 for a particular
rock sample of interest. As an example, the measured
TOC values obtained at block 516 may correspond to
TOC values measured using X-ray diffraction (XRD), X-
ray fluorescence (XRF), or other laboratory tests on a
rock sample. For the purposes of model training, these
measured TOC values can be treated as "ground truth"
values, and can be used to determine correlations be-
tween NMR measurements or processed NMR data and
at least some of the measured TOC values.

[0040] The principal components of the training data-
base obtained at block 514 and the measured TOC val-
ues obtained at block 516 are used to train an RBF model
(e.g., RBF model 230) at modeling block 518. In at least
some embodiments, an RBF is a function in the form of
&x-x), where [x- x| is the Euclidean distance between

the points x and x., and where x is the variable and x, is

the center of the radial basis function. An RBF model F(x)
can be represented as a linear combination of RBFs. The
RBF model can be used to approximate the physical sys-
tem f(;) to a certain degree of accuracy, for example,
assuming the underlying physical system f(;) is smooth
and continuous.

[0041] In at least some embodiments, an RBF model
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F(;) is derived at modeling block 518 by interpolating an

- - N
input-output data set {(x“ yl)}i=1 sampled from an
. Gy
underlying physical system f(x), where “"1JI=1 s the
database of relaxation-time distributions transformed by

2N
PCA analysis, and {yl i=1 gre the measured TOC val-

ues corresponding to available NMR data. An RBF model
can be represented

N
F@ = ) wglE - &l
i=1
where,

F(fl) = _')_/)i,l. = 1,2, ...,N,

In this example model,

Wip(1x — ¢IDKL,

is a set of weighted radial basis functions, N, TV,-, and 3,-
are model coefficients, and

{( YL,

is the input-output training set.
[0042] In the above model, the parameters

{(€DYEs

represent the centers of the RBF model. In some em-
bodiments, the centers correspond to input training pa-
rameters obtained from a database of relaxation-time dis-
tributions transformed by PCA analysis, principal com-
ponents of normalized relaxation-time distributions, cor-
responding total porosities, or combinations of these and
other input training parameters. In this case, the RBF
model can be represented as:

N
F&) = ) Wik =%,
i=1

where N, 7V,-, and ;,-are the model coefficients. The func-

tion ¢ can be a Gaussian function or another type of
smooth function. For example, when the function ¢ is a
Gaussian, the matrix associated with the interpolation is
well-conditioned, and the RBF inversion has a unique
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solution.

[0043] In atleast some embodiments, other inputs are
optionally provided to modeling block 518. Examples of
other inputs that may be used to train an RBF model
include gammaray log data and clay bound water (CBW)
data. The training operations performed at modeling
block 518 generates, for example, model coefficients
520, where the resulting RBF model and its coefficients
can be used as a mapping function that predicts TOC
values based on subsequent NMR data.

[0044] In atleast some embodiments, the model coef-
ficients 520 obtained by modeling block 518 can be de-
termined by interpolation of available training datasets.
In some instances, the coefficients 7v,- can be determined

by requiring that the interpolation equations be satisfied
exactly. For example, the coefficients can be a linear
combination of the function values

N
—)' _ ¢_1 _).
w; = ij Vi
j=1
-1

where U s the (i,j) element of the inverse of the N
X N interpolation matrix

[0045] Inaccordance with atleast some embodiments,
the RBF model and model coefficients can be used to
predict TOC values based on processed NMR data such
as an input relaxation-time distribution. An input relaxa-
tion-time distribution can be obtained from available NMR
measurements, for example, using NMR signal inver-
sion. In some embodiments, the NMR data used to pre-
dict TOC values is obtained independently from NMR
data used to train the RBF model. For example, the NMR
data used to predict TOC values may correspond to a
subterranean formation with unknown TOC values.
[0046] In at least some embodiments, the process of
predicting TOC values involves remapping a relaxation-
time distribution or other processed NMR data
corresponding to a subterranean formation with unknown
TOC values to a new coordinate system identified during
RBF model training. That is, the dataset matrix X, o,
can be transformed to the new coordinate system by the
operation Tinpyt = Xinput Wy, Where the transformed matrix
Tinput has I columns. Here, each element Tj,,,(i.k) (the
element at the kth column, th row) represents the kth
principal component of the ith input relaxation-time
distribution, and W, represents the transformation matrix
identified during model training.

[0047] Transformed matrix Ti,,; can be input into the

RBF model, using the model coefficients identified during
model training. That is, if T;, represents the vector el-
ements of x, the predicted TOC values F(;) can be de-
termined by:



15 EP 3 224 604 B1 16

N
F&) = ) gz —&lD,
i=1

where N, 7V,-, and 3,- are the model coefficients identified

during model training. Thus, after model training, subse-
quent TOC values can be predicted using independently
acquired NMR measurements.

[0048] In atleast some embodiments, the TOC predic-
tion phase 540 includes obtaining processed NMR data
at block 542. The processed NMR data obtained at block
542 may correspond to relaxation-time distributions or
other processed NMR data derived from NMR measure-
ments collected by a downhole NMR logging tool or a
laboratory NMR tool. At block 544, PCA is performed to
determine the principal components for the processed
NMR data. As an example, the principal components at
block 544 may be determined based on principal com-
ponent analysis results obtained at block 514 of the mod-
el training phase 510. The principal components deter-
mined at block 544 can then be used as an input to an
RBF model at prediction block 546. At prediction block
546, the RBF model may also receive model coefficients
identified at block 520 of the model training phase 510.
In atleast some embodiments, other inputs are optionally
provided to prediction block 546. Examples of other in-
puts that may be used to predict TOC values using the
RBF model of prediction block 546 include gamma ray
log data and clay bound water (CBW) data. Further, it
should be appreciated that different types of processed
NMR data may be input to the RBF model of prediction
block 546. Examples of processed NMR data include raw
NMR measurements, NMR relaxation-time distributions
derived from NMR measurements, a PCA data set rep-
resenting NMR relaxation-time distributions derived from
NMR measurements, an arithmetic or geometric means
of an NMR relaxation-time distribution derived from NMR
measurements, and a ratio of different NMR relaxation-
time distributions (e.g., a T4/T, distribution) derived from
NMR measurements. At block 548, predicted TOC val-
ues (e.g., a predicted TOC log) are output from the pre-
diction block 546.

[0049] In at least some embodiments, the predicted
TOC values can be compared to the measured TOC val-
ues using a "leave one out" method, in which a sample
from the training data set is taken out and its TOC is
predicted using the RBF model developed with the rest
of the data in the training data set. If predicted TOC value
are within a predetermined threshold (e.g., within order
of magnitude of the measured TOC values), the predicted
TOC values may be considered to be acceptable.
[0050] Though more training samples mayimprove the
RBF model used in prediction block 546 in some cases,
using more samples as the centers in the RBF model
does not necessarily result in better prediction perform-
ance in all cases. For instance, in some embodiments,
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increasing the number of centers in a RBF model may
resultin an RBF model that over-fits the available training
data. Such overfitting can negatively affect the prediction
performance of the RBF model. In different embodi-
ments, the number of samples used for the RBF centers
can be selected empirically, or according to other selec-
tion criteria. In some cases, all the available training sam-
ples are used during the training process, including some
instances where forward selection is used to select the
centers.

[0051] In at least some embodiments, relaxation-time
distributions or other processed NMR data used for RBF
model training or TOC predictions can be normalized.
For instance, in some embodiments, relaxation-time dis-
tributions can be separated into two parts: the relative
shape of the distributions and the summation of the am-
plitudes of the distributions (i.e., the total porosities). Fur-
ther, PCA can be applied to the relative shape of the
distributions. For the above relaxation-time distributions,
the resulting RBF model or TOC predictions would be
dependent on the relative shape of the distributions and
the summation of the amplitudes of the distributions. Ex-
ample normalization values include 0.5, 1.0, 1.5, 2, 2.5,
and so forth.

[0052] In atleast some embodiments, the RBF model
described herein corresponds to an interpolation meth-
od, where RBF model performance depends on the qual-
ity of the training database. For example, if the measured
TOC values of the training database are very noisy and/or
if too many centers are used for the interpolation, the
RBF model can become overly sensitive to the details of
the data, which may result in oscillatory behavior due to
over-fitting. These detrimental effects can be mitigated
in various ways.

[0053] For instance, in order to mitigate the effects of
over-fitting, in some embodiments, the RBF model can
be regularized according to a cost function that penalizes
oscillatory behavior. The input data with noise can be
described by:

F()_C)l) :_')_/)i +€i,i = 1,2,...,N,

where

N
F@) = ) Wil =D,
i=1

assuming the centers of the RBF functions are the set of
training inputs, and s is the noise in the measurement
data. The RBF model can be obtained by minimizing the
following cost function:
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N N
XN S 2 N
EE) =Y (FE) -7 +2 ) w?,
i=1 i=1

where

N
S5 N2
> (F@E) -7)
i=1
is the fitting error, and

N
Wy
=1

L

is the regularization term to penalize the oscillations in
the fitting. The parameter A controls the balance between
fitting the data and avoiding the penalty, and can be as-
signed different values depending on the desired fitting
behavior. In some embodiments, the value of parameter
A can be determined using generalized cross-validation
methods in order to assess the accuracy of the resulting
RBF model. Example cross-validation methods include
K-fold cross validation, repeated random sub-sampling
validation, and leave-one-out cross-validation. Use of
regularization foran RBF model decreases the likelihood
of over-fitting and susceptibility to noise in the training
database compared to a non-regularized RBF model.
[0054] In at least some embodiments, in order to mit-
igate the effects of over-fitting, the centers of RBF model
can be derived from only a subset of available relaxation-
time distributions or other processed NMR data in a train-
ing database. That is, instead of using all the data of the
training database for the centers of the RBF model, only
a subset of the data set is selected for the centers of the
RBF model. For example, in some embodiments, the
goal of this selection is to find a subset which can explain
most, but not all, of the variation in the training set, with
the goal of avoiding over-fitting noise. In some instances,
a subset of the training samples are used for the centers
of the RBF model, and all the training samples (including
the subset) are used to compute other parameters (e.g.,
the weights) of the RBF model.

[0055] An optimal or otherwise acceptable subset of
training data used for the centers of the RBF model can
be selected using various techniques. For instance, in
the forward selection technique, individual centers can
be added to the model one at a time, and each center
can be tested for inclusion in the model. The most sig-
nificant of these centers can then be added to the model.
[0056] An example embodiment of forward selection
can be performed, where C is the collection of the centers
of the RBF model, C1 is the collection of data which are
candidates of the centers of the RBF model, and where
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initially C is empty and C1 is the training database. For
each sample center in the collection C1, an RBF model
can be constructed whose centers are the selected sam-
ples from C1 and the samples in the collection C. A sam-
ple center with the smallest SSE (i.e., is the sum of
squared errors over all the sample centers in the training
data set) is removed from C1 and added into C. This can
be repeated, for example, until C1 is empty, or certain
stop criteria is met.

[0057] There are several criteria which can be used to
stop the selection process. For instance, the number of
selected centers can be selected in order to minimize
criteria such as the Bayesian information criterion (BIC),
or the generalized cross-validation (CGV) criterion. For
example, in a non-regularized RBF model, a CGV crite-
rion can be represented as

GCV = SSE,

(N —M)?

where N is the number of sample centers in the training
database and M is the number of centers in the RBF
model. In another example, in a non-regularized RBF
model, a BIC can be represented as

N+ (n(N) - DM

BIC = SSE .
N(N — M)

[0058] Accordingly, in some embodiments, the num-
bers of centers that minimize the GCV and/or BIC values
may be selected for the RBF model. Use of forward se-
lection foran RBF model decreases the likelihood of over-
fitting and susceptibility to noise in the training database
compared to an RBF model without forward selection. In
some embodiments, backward selection can be used in-
stead of forward selection. As an example, for an RBF
model whose centers are made of all the samples in the
training database, individual centers can be removed
from the model one at a time, and each center can be
tested for subtraction from the model.

[0059] In at least some embodiments, multiple tech-
niques can be simultaneously used to reduce over-fitting.
For example, in some embodiments, regularization is ap-
plied at each step of the forward selection method. In
another example, in order to reduce computation require-
ments, regularization is applied to the RBF model after
centers are selected using forward selection. Use of mul-
tiple techniques together decreases the likelihood of
over-fitting and susceptibility to noise in the training da-
tabase compared to an RBF model that does not use
multiple techniques.

[0060] In some embodiments, the spatial resolution of
measured TOC values differs from the spatial resolution
of available NMR data. Generally, the available NMR da-
ta can have higher, lower or the same resolution as meas-
ured TOC values. In some embodiments, the measured
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TOC values have a relatively higher vertical resolution,
while the available NMR data has a relatively lower ver-
tical resolution. For example, the vertical resolution of
available NMR data may be limited by the length of the
NMR tool antenna. As an example, the antenna of a MRIL
Prime tool can be about 33 inches, while measured TOC
values can be obtained from core plugs approximately 1
to 2inchesinlength. During model training, the measured
TOC values can be scaled to match the resolution of the
NMR data.

[0061] Various techniques can be used to perform res-
olution-matching of the measured TOC values. In an ex-
ample the measured TOC values can be resolution-
matched by the arithmetic mean with a weighting function
that is dependent of the distance between core samples
if multiple core TOC data are available inthe NMR vertical
resolution window. If the core TOC values are more
sparsely acquired than NMR vertical resolution, an inter-
polation may be applied to the core TOC data first. The
variance in the resolution-matched core porosities can
be similar to that in the NMR porosities.

[0062] In at least some embodiments, an RBF model
developed using training data from one well can be used
to predict TOC values from NMR data corresponding to
another well. The accuracy of TOC prediction depends
on the data of the training database and whether the two
wells have similar characteristics. The RBF model devel-
oped using the training data from one well can be vali-
dated by predicting TOC values for another well. In such
case, both wells have their own measured TOC values
and NMR data. Alternatively the accuracy of an RBF
model can be tested using the "leave one out" method
and/or by dividing the data of the training database into
two sets: one set for use in RBF model development, and
another set for validation.

[0063] FIG. 10is a plot 600 of an illustrative log of pre-
dicted TOC values as well as other data. In plot 600, T,
and T, distributions as a function of measured depth are
represented on the left side. Meanwhile, on the right side,
the plot 600 displays predicted TOC values as a function
of measured depth (the solid black line), and measured
TOC values from a laboratory (the circles). Plots such as
plot 600 may be displayed to an operator via a computer
monitor, a tablet, or other processing device with a user
interface. Based on such plots and/or other information,
the operator may select to adjust RBF modelingand TOC
prediction options, resulting in a plot with a modified pre-
dicted TOC values. Examples of adjustable settings in-
clude PCA parameters, RBF modeling parameters, data
normalization, training data selection criteria, curve fitting
parameters, etc. Further, such plots may be reported to
a customer or otherwise used to generate a report for a
customer.

[0064] FIG. 11 is a plot 640 showing a comparison of
predicted TOC values and measured TOC values. Plots
such as plot 640 may be generated to assess whether
predicted TOC values have an acceptable degree of ac-
curacy relative to measured TOC values. If so, the pre-
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dicted TOC values are relied upon to generate reports,
direct downhole tools, and perform field planning. On the
other hand, if predicted TOC values do not have an ac-
ceptable degree of accuracy relative to measured TOC
values, adjustments may be made to NMR data, NMR
tool options, RBF modeling options, RBF model training
options, etc.

[0065] FIG. 12 shows an illustrative TOC prediction
method 700. At block 702, NMR data is obtained. As
described herein, NMR data may correspond to raw NMR
measurements and/or one or more types of processed
NMR data obtained from downhole NMR logging tools
or laboratory NMR tools. In at least some embodiments,
the NMR data corresponds to relaxation-time distribu-
tions and/or PCA coefficients of relaxation-time distribu-
tions. At block 704, an RBF model is trained based on
the NMR data and measured TOC values (e.g., obtained
from a laboratory). The training step of block 704 may
also involve use of gamma ray data, CBW values, po-
rosity values, and/or other values. In some embodiments,
the training data is derived solely from the NMR data.
Alternatively, at least some of the training data may be
derived independent of the NMR data. Various other op-
tions are possible for training an RBF model as described
herein. Once RBF model training is complete, the types
of data used for training are subsequently used for pre-
diction (except that measured TOC values are no longer
needed).

[0066] Atblock 706, subsequent NMR data is obtained.
The subsequent NMR data and the NMR data using for
training the RBF model may be obtained from the same
NMR tool or different NMR tools. At block 708, the trained
RBF model is employed to predict TOC values based at
least in part on the subsequent NMR data. At block 710,
the predicted TOC values are stored or displayed. For
example, the predicted TOC values may be displayed as
a log. Further, other data may be displayed along with
the predicted TOC values to facilitate interpretation and
analysis (see e.g., plots 600 and 640). As needed, ad-
justments are made to the RBF model, the type of training
data used, and/or the input data for a trained RBF model.
Such adjustments may be determined at least in part
from displaying plots (see e.g., plots 600 and 640) or
related data.

[0067] Inaccordance with atleast some embodiments,
the disclosed methods and systems related to predicting
TOC values may be implemented in digital electronic cir-
cuitry, or in computer software, firmware, or hardware,
including the structures disclosed in this specification and
their structural equivalents, or in combinations of one or
more of them. Computer software may include, for ex-
ample, one or more modules of instructions, encoded on
computer-readable storage medium for execution by, or
to control the operation of, a data processing apparatus.
Examples of a computer-readable storage medium in-
clude random access memory (RAM) devices, read only
memory (ROM) devices, optical devices (e.g., CDs or
DVDs), disk drives, etc.
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[0068] The term "data processing apparatus" encom-
passes all kinds of apparatus, devices, and machines for
processing data, including by way of example a program-
mable processor, a computer, a system on a chip, or
multiple ones, or combinations, of the foregoing. The ap-
paratus can include special purpose logic circuitry, e.g.,
an FPGA (field programmable gate array) or an ASIC
(application specific integrated circuit). The apparatus
can also include, in addition to hardware, code that cre-
ates an execution environment for the computer program
in question, e.g., code that constitutes processor
firmware, a protocol stack, a database management sys-
tem, an operating system, a cross-platform runtime en-
vironment, a virtual machine, or a combination of one or
more of them. The apparatus and execution environment
can realize various different computing model infrastruc-
tures, such as web services, distributed computing and
grid computing infrastructures.

[0069] A computer program (also known as a program,
software, software application, script, or code) can be
written in any form of programming language, including
compiled or interpreted languages, declarative or proce-
durallanguages. A computer program may, but need not,
correspond to a file in a file system. A program can be
stored in a portion of a file that holds other programs or
data (e.g., one or more scripts stored in a markup lan-
guage document), in a single file dedicated to the pro-
gram in question, or in multiple coordinated files (e.g.,
files that store one or more modules, sub programs, or
portions of code). A computer program can be deployed
to be executed on one computer or on multiple computers
that are located at one site or distributed across multiple
sites and interconnected by a communication network.
[0070] Some of the processes and logic flows de-
scribed in this specification can be performed by one or
more programmable processors executing one or more
computer programs to perform actions by operating on
input data and generating output. The processes and log-
ic flows can also be performed by, and apparatus can
also be implemented as, special purpose logic circuitry,
e.g., an FPGA (field programmable gate array) or an
ASIC (application specific integrated circuit).

[0071] Processors suitable for the execution of a com-
puter program include, by way of example, both general
and special purpose microprocessors, and processors
of any kind of digital computer. Generally, a processor
will receive instructions and data from a read-only mem-
ory or a random access memory or both. A computer
includes a processor for performing actions in accord-
ance with instructions and one or more memory devices
for storing instructions and data. A computer may also
include, or be operatively coupled to receive data from
or transfer data to, or both, one or more mass storage
devices for storing data, e.g., magnetic, magneto optical
disks, or optical disks. However, a computer need not
have such devices. Devices suitable for storing computer
program instructions and data include all forms of non-
volatile memory, media and memory devices, including
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by way of example semiconductor memory devices (e.g.,
EPROM, EEPROM, flash memory devices, and others),
magnetic disks (e.g., internal hard disks, removable
disks, and others), magneto optical disks , and CD-ROM
and DVD-ROM disks. The processor and the memory
can be supplemented by, or incorporated in, special pur-
pose logic circuitry.

[0072] To provide forinteraction with a user, operations
can be implemented on a computer having a display de-
vice (e.g., a monitor, or another type of display device)
for displaying information to the user and a keyboard and
a pointing device (e.g., a mouse, a trackball, a tablet, a
touch sensitive screen, or another type of pointing de-
vice) by which the user can provide input to the computer.
Other kinds of devices can be used to provide for inter-
actionwith auser as well; for example, feedback provided
to the user can be any form of sensory feedback, e.g.,
visual feedback, auditory feedback, or tactile feedback;
and input from the user can be received in any form,
including acoustic, speech, or tactile input. In addition, a
computer can interact with a user by sending documents
to and receiving documents from a device that is used
by the user; for example, by sending web pages to a web
browser on a user’s client device in response to requests
received from the web browser.

[0073] A computer system may include a single com-
puting device, or multiple computers that operate in prox-
imity or generally remote from each other and typically
interact through a communication network. Examples of
communication networks include a local area network
("LAN") and a wide area network ("WAN"), an inter-net-
work (e.g., the Internet), a network comprising a satellite
link, and peer-to-peer networks (e.g., ad hoc peer-to-peer
networks). A relationship of client and server may arise
by virtue of computer programs running on the respective
computers and having a client-server relationship to each
other.

[0074] FIG. 13 shows an illustrative computer system
800. The computer system 800 may correspond to the
computer system 42 mentioned in FIG. 1 and/or another
computer system involved with collecting NMR measure-
ments, processing NMR measurements, selecting train-
ing data from a database, constructing an RBF model,
and/or using the RBF model to predict TOC values as
described herein. The system 800 includes a processor
810, a memory 820, a storage device 830, and an in-
put/output device 840. Each of the components 810, 820,
830, and 840 can be interconnected, for example, using
a system bus 850. The processor 810 is capable of
processing instructions for execution within the system
800. Insome embodiments, the processor810is asingle-
threaded processor, a multi-threaded processor, or an-
other type of processor. The processor 810 is capable
of processing instructions stored in the memory 820 or
on the storage device 830. The memory 820 and the
storage device 830 can store information within the com-
puter system 800.

[0075] The input/output device 840 provides input/out-
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put operations for the system 800. In some embodiments,
the input/output device 840 can include one or more net-
work interface devices, e.g., an Ethernet card; a serial
communication device, e.g., an RS-232 port; and/or a
wireless interface device, e.g.,an 802.11 card, a 3G wire-
less modem, a 4G wireless modem, etc. In some em-
bodiments, the input/output device can include driver de-
vices configured to receive input data and send output
data to other input/output devices, e.g., keyboard, printer
and display devices 860. In some embodiments, mobile
computing devices, mobile communication devices, and
other devices can be used.

[0076] The disclosed options for predicting TOC val-
ues should not be construed as limitations on the scope
of what may be claimed, but rather as descriptions of
features specific to particular examples. Certain features
that are described in this specification in the context of
separate embodiments can also be combined. Con-
versely, various features that are described in the context
of a single embodiment can also be implemented in mul-
tiple embodiments separately or in any suitable combi-
nation, provided it falls within the scope of the appended
claims.

[0077] Numerous variations and modifications will be-
come apparent to those skilled in the art once the above
disclosure is fully appreciated. It is intended that the fol-
lowing claims be interpreted to embrace all such varia-
tions and modifications.

Claims
1. A method that comprises:

obtaining nuclear magnetic resonance (NMR)
data;

training a radial basis function (RBF) model
based on the NMR data and measured total or-
ganic carbon (TOC) values;

obtaining subsequent NMR data;

employing the trained RBF modelto predict TOC
values based at least in part on the subsequent
NMR data; and

storing or displaying the predicted TOC values,
wherein the predicted TOC values correspond
to a rock sample or subsurface formation vol-
ume.

2. The method of claim 1, further comprising displaying
a TOC log that plots the predicted TOC values as a
function of measured depth.

3. Themethod of claim 1, further comprising displaying
achartthat compares the predicted TOC values with
measured TOC values.

4. The method of claim 1, further comprising adjusting
the trained RBF model or inputs to the trained RBF
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model based on a comparison of the predicted TOC
values with measured TOC values.

5. The method of claim 1, further comprising obtaining
porosity values independent of the NMR data, and
and using said porosity values as an additional input
to train the RBF model.

6. The method of claim 1, further comprising:

obtaining clay bound water (CBW) values;
and using said CBW values as an additional in-
put to train the RBF model.

7. The method of claim 1, further comprising:

obtaining gamma ray logging data;
and using said gamma ray logging data as an
additional input to train the RBF model.

8. The method of claims 1, further comprising training
the RBF model to predict TOC values based on prin-
cipal components representing an NMR relaxation-
time distribution.

9. The method according to any one of claims 1 to 8,

wherein obtaining the NMR data comprises:

collecting NMR measurements by a downhole
logging tool;

deriving an NMR relaxation-time distribution
based on the collected NMR measurements;
and

determining principal components of the NMR
relaxation-time distribution.

10. The method according to any one of claims 1 to 8,
wherein obtaining the NMR data comprises: deter-
mining arithmetic or geometric means of an NMR
relaxation-time distribution; or determining or receiv-
ing a ratio of different NMR relaxation-time distribu-
tions.

11. A system that comprises:

at least one processor;

a memory in communication with the at least
one processor and storing instructions that,
when executed, cause the at least one proces-
sor to:

obtain nuclear magnetic resonance (NMR)
data;

train a radial basis function (RBF) model
based on the NMR data and measured total
organic carbon (TOC) values;

obtain subsequent NMR data;

employ the trained RBF model to predict
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TOC values based at least in part on the
subsequent NMR data; and

store or display the predicted TOC values,
wherein the predicted TOC values corre-
spond to a rock sample or subsurface for-
mation volume.

The system of claim 11, wherein the instructions,
when executed, further cause the at least one proc-
essor to train the RBF model to predict TOC values
based on principal components representing an
NMR relaxation-time distribution.

The system according to any one of claims 11 to 12,
wherein the instructions, when executed, further
cause the at least one processor to provide a user
interface that enables an operator

+ to adjust training data used to train the RBF
model; or

« to adjust the RBF model; or

« to adjust principal component analysis (PCA)
operations applied to training data for the RBF
model or input data for a trained RBF model.

The system according to any one of claims 11 to 12,
further comprising a display in communication with
the at least one processor to display a TOC log that
plots the predicted TOC values as a function of
measured depth.

The system according to any one of claims 11 to 12,
further comprising a downhole NMR logging tool in
communication with the at least one processor to
collect NMR measurements from which the obtained
NMR data is derived.

Patentanspriiche

1.

Verfahren, das Folgendes umfasst:

Erhalten von Daten von magnetischer Kernre-
sonanz (NMRY);

Anpassen eines Modells der radialen Basisfunk-
tion (RBF) basierend auf den NMR-Daten und
den gemessenen Werten des organischen Ge-
samtkohlenstoffs (TOC);

Erhalten nachfolgender NMR-Daten;
Verwenden des angepassten RBF-Modells, um
TOC-Werte basierend zumindest zum Teil auf
den nachfolgenden NMR-Daten vorherzusa-
gen; und

Speichern oder Anzeigen der vorhergesagten
TOC-Werte, wobei die vorhergesagten TOC-
Werte einer Gesteinsprobe oder einem Volu-
men einer unterirdischen Formation entspre-
chen.
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Verfahren nach Anspruch 1, ferner umfassend das
Anzeigen eines TOC-Diagramms, das die vorherge-
sagten TOC-Werte abhéngig von der gemessenen
Tiefe darstellt.

Verfahren nach Anspruch 1, ferner umfassend das
Anzeigen einer Graphik, die die vorhergesagten
TOC-Werte mit gemessenen TOC-Werten ver-
gleicht.

Verfahren nach Anspruch 1, ferner umfassend das
Einstellen des angepassten RBF-Modells oder der
Eingaben zum angepassten RBF-Modell basierend
aufeinem Vergleich der vorhergesagten TOC-Werte
mit gemessenen TOC-Werten.

Verfahren nach Anspruch 1, ferner umfassend das
Erhalten von Porositdtswerten unabhangig von den
NMR-Daten und das Verwenden der Porositatswer-
te als eine zusatzliche Eingabe, um das RBF-Modell
anzupassen.

Verfahren nach Anspruch 1, ferner umfassend:

Erhalten von Werten des tongebundenen Was-
sers (CBW);

und Verwenden der CBW-Werte als eine zu-
satzliche Eingabe, um das RBF-Modell anzu-
passen.

Verfahren nach Anspruch 1, ferner umfassend:

Erhalten von Gammastrahlen-Protokolldaten;
und Verwenden der Gammastrahlen-Protokoll-
daten als eine zusatzliche Eingabe, um das
RBF-Modell anzupassen.

Verfahren nach Anspruch 1, ferner umfassend das
Anpassen des RBF-Modells, um TOC-Werte basie-
rend auf Hauptkomponenten, die eine NMR-Relaxa-
tionszeitverteilung darstellen, vorherzusagen.

Verfahren nach einem der Anspriiche 1 bis 8, wobei
das Erhalten der NMR-Daten Folgendes umfasst:

Erfassen von NMR-Messungen durch ein Bohr-
lochmessgeréat;

Ableiten einer NMR-Relaxationszeitverteilung
basierend auf den erfassten NMR-Messungen;
und

Ermitteln der Hauptkomponenten der NMR-Re-
laxationszeitverteilung.

Verfahren nach einem der Anspriiche 1 bis 8, wobei
das Erhalten der NMR-Daten Folgendes umfasst:
Ermitteln arithmetischer oder geometrischer Mittel
einer NMR-Relaxationszeitverteilung; oder Ermit-
teln oder Empfangen eines Verhaltnisses verschie-
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dener NMR-Relaxationszeitverteilungen.
System, das Folgendes umfasst:

mindestens einen Prozessor;

einen Speicher, der in Kommunikation mit dem
mindestens einen Prozessor steht und Anwei-
sungen speichert, die, wenn sie ausgefiihrt wer-
den, den mindestens einen Prozessor veranlas-
sen:

Daten von magnetischer Kernresonanz
(NMR) zu erhalten;

ein Modell der radialen Basisfunktion (RBF)
basierend auf den NMR-Daten und den ge-
messenen Werten des organischen Ge-
samtkohlenstoffs (TOC) anzupassen;
nachfolgende NMR-Daten zu erhalten;
das angepasste RBF-Modell anzuwenden,
um TOC-Werte basierend zumindest zum
Teil auf den nachfolgenden NMR-Daten
vorherzusagen; und

die vorhergesagten TOC-Werte zu spei-
chern oder anzuzeigen, wobei die vorher-
gesagten TOC-Werte einer Gesteinsprobe
oder einem Volumen einer unterirdischen
Formation entsprechen.

System nach Anspruch 11, wobei die Anweisungen,
wenn sie ausgefiihrt werden, den mindestens einen
Prozessor ferner veranlassen, das RBF-Modell an-
zupassen, um TOC-Werte basierend auf Hauptkom-
ponenten, die eine NMR-Relaxationszeitverteilung
darstellen, vorherzusagen.

System nach einem der Anspriiche 11 bis 12, wobei
die Anweisungen, wenn sie ausgefihrt werden, den
mindestens einen Prozessor ferner veranlassen, ei-
ne Benutzerschnittstelle bereitzustellen, die es ei-
nem Bediener ermdglicht

» Anpassungsdaten, die verwendet werden, um
das RBF-Modell anzupassen, einzustellen;
oder

» das RBF-Modell einzustellen; oder

* Vorgadnge zur Hauptkomponentenanalyse
(PCA), die auf die Anpassungsdaten fiir das
RBF-Modell angewendet werden, oder Einga-
bedaten fiir ein angepasstes RBF-Modell einzu-
stellen.

System nach einem der Anspriiche 11 bis 12, ferner
umfassend eine Anzeige in Kommunikation mit dem
mindestens einen Prozessor, um ein TOC-Dia-
gramm anzuzeigen, das die vorhergesagten TOC-
Werte abhangig von der gemessenen Tiefe darstellt.

System nach einem der Anspriiche 11 bis 12, ferner
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umfassend ein Bohrloch-NMR-Messgerat in Kom-
munikation mit dem mindestens einen Prozessor,
um NMR-Messungen zu erfassen, von denen die
erhaltenen NMR-Daten abgeleitet werden.

Revendications

Procédé comprenant :

I'obtention de données de résonance magnéti-
que nucléaire (RMN) ;

la formation d’'un modéle de fonction de base
radiale (RBF) sur la base des données RMN et
des valeurs de carbone organique total (TOC)
mesurées ;

I'obtention de données RMN ultérieures ;
I'emploi du modéle RBF formé pour prédire des
valeurs TOC sur la base au moins en partie des
données RMN ultérieures ; et

le stockage ou I'affichage des valeurs TOC pré-
dites, dans lequel les valeurs TOC prédites cor-
respondent a un échantillon de roche ou a un
volume de formation souterraine.

Procédé selon la revendication 1, comprenant en
outre I'affichage d’'une diagraphie TOC qui trace les
valeurs TOC prédites en fonction d’une profondeur
mesurée.

Procédé selon la revendication 1, comprenant en
outre I'affichage d’un graphique qui compare les va-
leurs TOC prédites avec des valeurs TOC mesurées.

Procédé selon la revendication 1, comprenant en
outre I'ajustement du modele RBF formé ou des en-
trées dans le modéle RBF formé sur la base d’une
comparaison des valeurs TOC prédites avec des va-
leurs TOC mesurées.

Procédé selon la revendication 1, comprenant en
outre I'obtention de valeurs de porosité indépendan-
tes des données RMN, et I'utilisation desdites va-
leurs de porosité en tant qu’entrée supplémentaire
pour former le modéle RBF.

Procédé selon la revendication 1, comprenant en
outre :

I'obtention de valeurs argile et eau liés (CBW) ;
et l'utilisation desdites valeurs CBW en tant
qu’entrée supplémentaire pour former le modeéle
RBF.

Procédé selon la revendication 1, comprenant en
outre :

I'obtention de données de diagraphie a rayons
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gamma ;
et I'utilisation desdites données de diagraphie a
rayons gamma en tant qu’entrée supplémentai-
re pour former le modéle RBF.

Procédé selon la revendication 1, comprenant en
outre la formation du modéle RBF pour prédire des
valeurs TOC surlabase de composantes principales
représentant une distribution du temps de relaxation
RMN.

Procédé selon I'une quelconque des revendications
1 et 8, dans lequel I'obtention des données RMN
comprend :

la collecte de mesures RMN par un outil de dia-
graphie de fond de trou ;

la dérivation d’'une distribution du temps de re-
laxation RMN basée sur les mesures RMN
collectées ; et

la détermination de composantes principales de
la distribution du temps de relaxation RMN.

Procédé selon I'une quelconque des revendications
1 et 8, dans lequel I'obtention des données RMN
comprend : la détermination d’'un moyen arithméti-
que ou géomeétrique d’une distribution du temps de
relaxation RMN ; ou la détermination ou la réception
d’'un rapport de différentes distributions du temps de
relaxation RMN.

Systéme comprenant :

au moins un processeur ;

une mémoire en communication avecl’au moins
un processeur et stockant des instructions qui,
lorsqu’elles sont exécutées, aménent’au moins
un processeur a :

obtenir des données de résonance magné-
tique nucléaire (RMN) ;

former un modéle de fonction de base ra-
diale (RBF) sur la base des données RMN
et des valeurs de carbone organique total
(TOC) mesurées ;

obtenir des données RMN ultérieures ;
employer le modéle RBF formé pour prédire
des valeurs TOC sur la base au moins en
partie des données RMN ultérieures ; et
stocker ou afficher les valeurs TOC prédi-
tes, dans lequel les valeurs TOC prédites
correspondent a un échantillon de roche ou
a un volume de formation souterraine.

Procédé selon la revendication 11, dans lequel les
instructions, lorsqu’elles sont exécutées, aménent
enoutre 'aumoins un processeur a former le modele
RBF pour prédire des valeurs TOC sur la base de
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13.

14.
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30

composantes principales représentant une distribu-
tion du temps de relaxation RMN.

Procédé selon I'une quelconque des revendication
11a12,danslequellesinstructions, lorsqu’elles sont
exécutées, aménent en outre I'au moins un proces-
seur a fournir une interface utilisateur qui permet a
un opérateur

 d’ajuster des données de formation utilisées
pour former le modéle RBF ; ou

« d’ajuster le modele RBF ; ou

« d’ajuster des opérations d’analyse en compo-
santes principales (PCA) appliquées a des don-
nées de formation pour le modéle RBF ou a des
données d’entrée pour un modéle RBF formé.

Systeme selon I'une quelconque des revendications
11 et 12, comprenant en outre un affichage en com-
munication avec I'au moins un processeur pour af-
ficher une diagraphie TOC qui trace les valeurs TOC
prédites en fonction d’'une profondeur mesurée.

Systeme selon I'une quelconque des revendications
11 et 12, comprenant en outre un outil de diagraphie
RMN en communication avec I'au moins un proces-
seur pour collecter des mesures RMN a partir des-
quelles les données RMN obtenues sont dérivées.
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